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A radar warning receiver must alert the user when someone highlights it with radar
signals. Radar signals used today varies and has a wide frequency band. In order to
detect all possible radar signals the radar warning receiver must have a wide
bandwidth. This results in that the noise power will be high in the radar warning
receiver and weak radar signals will be hard to detect or even undetected.  
The aim of the thesis work was to investigate the possibility to suppress the noise in
the received radar signals. Unfortunately we do not know the frequency of the
received radar signals, since the frequency has been decided by the threat radar. We
have used adaptive filters, which adapts it band-pass to the received radar signal. The
adaptive filters must converge quickly to the state it reduces the noise and passes the
radar signals since radar pulses can be very short in the time domain. We also want
to achieve a high SNR gain that is a measurement of how well the adaptive filter
reduces the noise.
We have investigated two adaptive algorithms, the recursive least square (RLS)
algorithm and the least mean square (LMS) algorithm. We found out that the LMS
algorithm was more suitable for noise cancellation in radar applications due to its low
complexity and stability compared to RLS algorithm. The LMS algorithm gave SNR
gains in the span 14-20 dB for different radar pulses.
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1 Abstract 

This master thesis has been performed at SAAB AB in Järfälla, Sweden. 

A radar warning receiver must alert the user when someone highlights it with radar 
signals. Radar signals used today varies and has a wide frequency band. In order to 
detect all possible radar signals the radar warning receiver must have a wide 
bandwidth. This results in that the noise power will be high in the radar warning 
receiver and weak radar signals will be hard to detect or even undetected.   

The aim of the thesis work was to investigate the possibility to suppress the noise 
in the received radar signals. Unfortunately we do not know the frequency of the 
received radar signals, since the frequency has been decided by the threat radar. We 
have used adaptive filters, which adapts it band-pass to the received radar signal. 
The adaptive filters must converge quickly to the state it reduces the noise and 
passes the radar signals since radar pulses can be very short in the time domain. We 
also want to achieve a high SNR gain that is a measurement of how well the 
adaptive filter reduces the noise. 

We have investigated two adaptive algorithms, the recursive least square (RLS) 
algorithm and the least mean square (LMS) algorithm. We found out that the LMS 
algorithm was more suitable for noise cancellation in radar applications due to its 
low complexity and stability compared to RLS algorithm. The LMS algorithm gave 
SNR gains in the span 14-20 dB for different radar pulses. 
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2 Populärvetenskaplig sammanfattning 

En radar använder sig av radiovågor för att identifiera avstånd, höjd och 
färdriktning för bland annat flygplan. Radaren skickar ut signaler och om 
signalerna träffar ett flygplan så reflekteras en del tillbaka till radaren. Ur den 
skickade och reflekterade signalen kan information som avstånd, höjd, färdriktning 
ifrån det träffade flygplanet utvinnas. Dagens radar använder sig av olika 
frekvenser på sina utskickade radiovågor. Frekvens är antal svängningar per sekund 
på den utsända radarsignalen. 
 
En radarvarnare är en anordning som oftast används i flygplan. Den varnar om man 
blir belyst utav en radar, speciellt en fienderadar. För att en radarvarnare ska kunna 
varna för alla olika frekvenser som en fiende radar kan skicka ut måste den kunna 
lyssna på en stor mängd frekvenser samtidigt. Alla frekvenser innehåller en viss 
mängd brus och när man lyssnar på många frekvenser samtidigt så adderas bruset 
ifrån de frekvenserna man lyssnar på ihop. Detta leder till att det kan vara svårt att 
detektera svaga radarsignaler när man lyssnar på många frekvenser samtidigt. 
 
Det skulle vara önskvärt att ha ett filter som släpper igenom den mottagna radar 
signalen och samtidigt försvagar bruset ifrån de andra frekvenserna. Om en 
fienderadar belyser en med sin radar, så är den mottagna radar signalens frekvens 
okänd och kan dessutom variera. Vi vill ha ett filter som automatiskt hittar ställer in 
sig för att släppa igenom den mottagna radar signalens frekvens och samtidigt 
försvagar bruset ifrån de andra frekvenserna. Ett sådant filter kallas för ett adaptivt 
filter. 
 
I detta examensarbete undersöks två olika adaptiva filter algoritmer, least-mean-
square algoritmen (LMS) och recursive-least-square algoritmen (RLS). 
 
Vi undersöker hur bra filtren kan försvaga bruset, hur fort det tar för filtren att 
ställa in sig på att släppa igenom rätt (den mottagna radarsignalens frekvens) 
frekvens och hur mycket processorkraft filtret behöver. Det optimala är att filtret 
försvagar bruset mycket och samtidigt ställer in sig fort för att släppa igenom den 
rätta frekvensen. Filtret ska dessutom kräva lite processorkraft, då processorkraften 
i ett flygplan är begränsat. 
 
Vi kom fram till att LMS algoritmen var mer lämpad för att försvaga brus i 
mottagna radar signaler på grund av att den krävde mindre processorkraft och var 
stabil jämfört med RLS algoritmen. 
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3 Abbreviations and symbols 

ADC Analog to digital converter 

ALE Adaptive line enhancement 

AWGN Additive white Gaussian nosie 

FFT Fast Fourier transform 

LMS Least-mean-square 

RLS Recursive-least-square 

RADAR Radio detection and ranging 

RWR Radar warning receiver 

SNR Signal to noise ratio 
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4 Introduction 

4.1 Radar 

Radar stands for Radio Detection and Ranging and is a system that uses 
electromagnetic waves to detect objects and determine its range, altitude and speed 
[1]. Radar is commonly used to detect, track and even guide missiles towards 
aircrafts, ships etc. 

The main idea behind radar is to transmit electromagnetic wave pulses in 
predetermined directions. When these wave pulses come in contact with an object 
they are usually reflected and scattered in different directions. Hopefully some part 
of the transmitted wave pulses are reflected or scattered back to the radar system. 
The radar system tries to listen for these weak echoes and also tries to extract 
useful information out of them. 

Different types of radar use different frequency bands. The frequency may span 
from 0.5 GHz to 40 GHz. Search radar usually use low frequencies from 0.5 GHz 
to 6 GHz. Tracking radar usually use higher frequencies in the range 6 GHz to 
18 GHz. 

4.2 Radar warning receiver 

A radar warning receiver (RWR) is a device, usually used by aircrafts, with the 
purpose to detect when the aircraft is illuminated by enemy radar signals. It 
measures the pulse characteristics and may identify the threat by using pre-stored 
radar signature information. An RWR must also try to localize the threat so it can 
present it to the pilot from the correct direction. Airborne RWRs also has to work 
in real time, because they have to alert the pilot at once, so the pilot may decide to 
do something about the detected threat. The pilot may decide to maneuver away 
from the threat. The RWR system may also automatically start releasing chaff or 
even start a radar jammer trying to deceive or fool the threat radar. Airborne RWRs 
measures radar signals in a wide frequency range, typically about 2 GHz – 40 GHz. 

4.3 Problem description 

A RWR must have a wide instantaneous band width in order to detect different 
radar signals, see Figure 1. This means that the noise power will be high in the 
wide open receiver. Therefore the signal-to-noise ratio (SNR) will be low. The 
radar signals will be hard to detect with strong noise present. It would be desirable 
to reduce the noise and be able to detect also weak radar signals. 
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noise

Radar signal

Frequency
RWR  bandwidth

Power density [W/Hz]

 

Figure 1. View of RWR instantaneous bandwidth with a radar signal at some frequency 
and thermal noise level. 

A way to increase the SNR would be to introduce a filter that just covers the 
incident radar signal bandwidth, see Figure 2. The filter will then capture only the 
noise within the filter bandwidth and the SNR will increase. But unfortunately we 
do not know the frequency of the incident radar signal, since the frequency has 
been decided by the threat radar. 
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noise

Radar signal

Frequency
RWR bandwidth

Power density [W/Hz]

 

Figure 2. Narrowband filter applied on the radar signal. 

One solution commonly used is to introduce a bank of narrow filter. Then the 
incident signal will fall into one of the filters and be detected, see Figure 3. 

noise

Radar signal

Frequency
RWR bandwidth

Power density [W/Hz]

 

Figure 3. A bank of narrowband filters spread out over the RWR instantaneous bandwidth. 
The radar signal falls into one of the filters. 
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Another solution would be to introduce an adaptive filter, which adapts its band-
pass to the incident radar signal, see Figure 4. 

noise

Radar signal

Frequency
RWR bandwidth

Power density [W/Hz]

 

Figure 4. A narrowband adaptive filter that is adapting towards the radar signal frequency. 

4.4 Aim of the thesis work 

The aim of the thesis work is to investigate the possibility to reduce thermal noise 
in received radar signals to be able to detect the weak radar signals by using 
adaptive filters.  
 
The adaptive filter must converge quickly to the state where it reduces the thermal 
noise and passes the weak radar signal because received radar pulses can be very 
short in time domain. Otherwise the adaptive filter might not have converged 
before the pulse has passed and the adaptive filter will not work optimally. 
 
We also want to achieve a high SNR gain that is a measurement of how well the 
adaptive filter reduces the thermal noise. 
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5 Theory 

5.1 Radar signals 

Radar is a system that uses electromagnetic radio waves to measure range and 
direction to different objects. A characteristic radar system sends out a short pulse 
and begins to listen for a reflection from the transmitted pulse. The reflection is 
often called an echo. After a while, when possible reflections should have been 
received, the radar transmits a new pulse and the procedure repeats. 

This behaviour of a radar transmitter results in that a typically radar signal consists 
of short pulses in the time domain. A typically radar signal is shown in Figure 5. 
The duration time of each pulse is defined as the pulse width . The time 
between the beginning of one pulse and the start of the next pulse is defined as the 
pulse-repetition-interval . 

tPW

tPRI  

Figure 5. A typically radar envelope signal in time domain. 

The pulses that are transmitted can have different intra pulse characteristics. In this 
thesis work the most common intra pulse characteristics will be considered. 

 Pulses with a fixed frequency 

 Linear chirp pulses, i.e. pulses with linear varying frequency during the 
pulse 

 Binary phase coded pulses, i.e. pulses which have one or several 180 degree 
phase shifts during the pulse. 

Now we have introduced the concepts needed to describe a radar signal. A radar 
signal can be described by the pulse-repetition-interval, the pulse width and the 
intra pulse characteristics. 

Airborne radar detectors measure radar signals in a wide frequency band, typically 
about 2 GHz – 18 GHz. The radar signals that we deal with in this thesis work are 



 
In Work  

 12 (56) 

 
Date Issue Document ID 

2013-08-19  Thesis work 
Issued by Classification Company Confidentiality 

Daniel Salminen NOT CLASSIFIED 
Classification Export Control Classification Defence Secrecy 

NOT EXPORT CONTROLLED NOT CLASSIFIED 
 

IN 5000358-159  Issue 5  
 

down-mixed into a lower frequency band. The down-mixing procedure is beyond 
the scope of this thesis work and we assume we have access to those down-mixed 
radar signals. The radar signals we consider and which are simulated consist of 
frequencies between 0 – 1280 MHz. How to process 16 GHz signal using 1.28 
GHz ADC is beyond the scope of this thesis. 

We will now introduce the fundamentals of the signal models that will be used in 
this thesis work. All signals we deal with will be complex discrete-time signals. 
The signals are assumed to be obtained by the complex sampling theorem. The 
complex sampling theorem says that we can sample all signals correctly up to the 
sampling frequency [1]. We start by defining the pulse shapes and then construct a 
complete radar signal. 

5.1.1 Pulses with a fixed frequency 

A pulse with a constant frequency  can be modelled by a complex sinusoid with 
real amplitude  and phase , see Equation (1). 

( ) (1) 

The most of the signal processing now days are digitalized. Therefore the received 
radar signals are sampled by an analog to digital converter (ADC). The discrete-
time version of the pulse, given by Equation 1, sampled with frequency  is given 
by Equation (2). Here  represent a specific sample and  is the total number of 
samples for the pulse. 

[ ] (2)  

Equation (2) holds as long as the condition  is satisfied due to the 
complex sampling theorem. 

5.1.2 Linear chirp pulses 

A chirp pulse has a varying frequency with respect to time. In a linear chirp pulse 
the frequency varies linearly with the time during the pulse, see Equation (3). 

( ) (3) 
 

(4) 

 
The constants ,  are the start time and stop time respectively. The constants , 

 are the start frequency and stop frequency for the chirped pulse. In our case we 
set = 0 and  and yield Equation (5). 
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(5) 

 
A model of a complex chirp pulse is given in Equation (6) where ( ) represent 
the phase, i.e. the frequency variation. 
 

( ) ( ) (6) 
 

We have that, 

( ) = 2 ) = (7) 
 

By integrating both sides of Equation (7) with respect of time and using 
Equation (3) we obtain Equation (8). 
 

( ) = 2 ( ) = 2 + 2 (8) 

 
Inserting Equation (8) into Equation (6) gives us Equation (9). 
 

( ) (9) 
 
By sampling the continuous chirp pulse with sampling frequency , with the same 
assumptions as for the fixed pulse, we obtain the time-discrete version, see 
Equation (10). Equation (10) holds for the frequencies in the range . 
 

[ ] (10) 
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5.1.3 Binary phased coded pulses 

A binary phase coded pulse change phase 180 degrees at certain time of the pulse. 
A phase shift can be seen in Figure 6. 

180° shift

amplitude

time

 

Figure 6. A sinusoid with a 180 degrees phase shift. 
One set of binary phased codes called Barker codes are used in radar and will be 
described here. We will consider the Barker 7 code. In Barker 7 code each pulse 
are divided into 7 equal segments  in time, see Figure 7. Each difference between 
+1 and -1 ( or -1 and +1) represent a 180 degrees phase shift. For a sinusoid a 180 
degree phase shift is the same as multiplying the amplitude by -1. 
 

 
Figure 7. Barker 7 code. A difference between +1 and -1 (or -1 and +1) is a phase shift of 
180 degrees. 

The binary phase coded pulse can be described by Equation (11). 

( ) ( ) (11)  
 
The amplitude ( ) is defined by Equation (12) for the Barker 7 code. 
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( ) (12) 

For the discrete-time case we obtain, see Equation (13). 

[ ] (13) 

 

5.1.4 Radar signals 

A radar signal consists of a train of pulses. To get an easier view of how a pulse 
train is composed we divided it into small parts in time, which we later add on after 
the order. Each divided part is described from the beginning of one pulse until next 
pulse beginning, i.e. the pulse repetition interval . 

Each part begins with a pulse that lasts for the time  and then equals zero until 
it reach . This is described by Equation (14). The signal ( ) is some pulsed 
signal where the sub index p represents the pulse shapes derived in previous 
sections. 

) = ( )
0

(14) 

 
By looping this procedure and add all parts one after the other we obtain a 
simulated radar signal. The discrete-time version of Equation (14) is given by 
Equation (15). 
 

[ ] = [ ]
0

(15) 

 
We have now described an ideal radar signal, but they rarely appear in such away 
in reality. In reality received radar signals are corrupted by noise. Noise is a 
random signal that usually is unwanted. 
 
Most of the noise in an RWR originates from the receiver by thermal noise [2]. 
Thermal noise is generated from random motions of electrons in conductive 
materials. The thermal noise is almost constant for the whole spectrum, exists in 
every frequency and has an approximate normal distribution. Thus the thermal 
noise is commonly assumed to be additive white Gaussian noise, AWGN, in radar 
and communication theory. Therefore AWGN will be used to model the thermal 
noise in our simulations. 
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AWGN is represented by a series of complex-valued outputs  which are 
Gaussian distributed with mean value zero and variance  [3], see Equation (16). 
 

(0, ) (16) 
 
An AWGN signal can be created by generating independent Gaussian samples and 
in Matlab it can be done by using the function randn. 

5.1.5 Signal to noise ratio 

Signal to noise ratio (SNR) is a measurement that compares the power level of a 
desired signal to the power level of background noise. It is defined in 
Equation (17). 

(17) 

 
We used Equation (17) to determine the noise power   from predefined 
values of the SNR and the signal power  in the creation of radar pulses and 
signals. In some cases it is convenient to express the SNR in decibel dB, see 
Equation (18). 
 

= 10 ( ) (18) 
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5.2 Adaptive filters 

5.2.1 Basic theory of adaptive filters 

The basic function of a filter is to remove unwanted signals from those of interest. 
An adaptive filter is a filter with a self-adjusting transfer function. In other words 
the filter parameters are able to change during time. All theory in this section works 
for complex signals. 

The idea of an adaptive filter is to filter the input signal ] through an adaptive 
filter to make the output signal ] look like a desired/reference signal ]. A 
general set up of an adaptive filter is illustrated in Figure 8. The adaptive filter 
changes its filter coefficients by an adaptive algorithm in order to minimize a 
meaningful objective function. The meaningful objective function is constructed 
such as then it is minimized the adaptive filter output ] goes towards the desired 
signal ].  

 

Adaptive filter

Adaptive 
algorithm

x[n]

d[n]

y[n]

e[n]

 

Figure 8. General set up of an adaptive filter. 

The adaptive filter coefficients for a finite impulse response filter are represented 
each time step  by a vector  of length , see Equation (20). The single value 
output ] is given by Equation (19) where  the input signal into the adaptive 
filter at time step is . 

[ ] (19) 
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[ ] (20) 
 

= [ ] [ 1] [ ] (21) 
 
The adaptive filter coefficients are updated each time step by an adaptive 
algorithm. An adaptive algorithm consists of an object function and a minimization 
algorithm/search function for the objective function. 
 
The objective function  is a function of the error signal ], see Figure 8. The 
error signal ] usually depends on the input signal ], the output signal ] 
and on the desired/reference signal ], see Equation (22). 
 

[ ]] [ [ ] [ ] ]] (22) 
 
The definition of an objective function says it must always be non-negative and 
have its optimal value then its equals zero, if there is no present noise. The two 
conditions are given in Equation (23) and Equation (24) respectively. 
 

[ [ ] [ ] ]] 0, [ ] [ ] [ ] (23) 

[ [ ] [ ] ]] (24) 

In the general set up from Figure 8, the error signal is given by Equation (25). 

[ ] [ ] [ ] (25) 
 

There are a lot of ways to define an objective function that satisfies the optimally 
and non-negative condition, see Equation (23) and Equation (24). One of the most 
widely used objective functions in adaptive filtering is the mean-square-error 
(MSE). The mean-square-error is defined in Equation (26). 

[ ] [| [ ]| ] [ ] [ ] (26) 
 
By insert Equation (25) and Equation (19) into Equation (26) and use the 
definitions of the correlation matrix  and the cross-correlation vector  we yield 
Equation (27) 

[| [ ]| ] [| [ ]| ] (27) 

The definitions of the correlation matrix  and the cross-correlation vector  are 
given by Equation (28) and Equation (29) respectively. 
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[ ]
[ [ ] ]] [ [ ] ]]

[ [ ] ]] [ [ ] ]]
(28) 

 
[ [ ] ] (29) 

 
From Equation 28, it can be seen the mean-square-error is a quadratic function of 
the filter coefficients parameters . The mean-square-error will form a bowl 
shaped function depending on the filter parameters . The bottom of the bowl 
shaped function is the optimal set of filter parameters  that minimize the MSE 
function. This bowl shaped function is called the performance surface. 

Some adaptive algorithms use gradient methods to seek the minimum of 
performance surfaces. The gradient vector of the MSE objective function with 
respect to the filter coefficients is given by Equation (30). 

[| [ ]| ]
+ 2 (30) 

 
The gradient method takes the gradient of the current filter parameters and then 
chooses new filter parameters by moving in the negative direction of the obtained 
gradient from the current filter parameters. By updating the filter parameters in 
such way they will tempt to go towards the bottom of the performance surface, 
which lead us to the optimal value of the objective function. The step size is 
regulated by a factor , also called converging factor. The gradient method needs 
an initial guess of the filter parameters to work. The method of updating the filter 
coefficients in this way to find the minimum of the performance surface is called 
the steepest-decent algorithm, see Equation (31). 
 

[ + 1] [ ] [ ] (31) 
  



 
In Work  

 20 (56) 

 
Date Issue Document ID 

2013-08-19  Thesis work 
Issued by Classification Company Confidentiality 

Daniel Salminen NOT CLASSIFIED 
Classification Export Control Classification Defence Secrecy 

NOT EXPORT CONTROLLED NOT CLASSIFIED 
 

IN 5000358-159  Issue 5  
 

5.2.2 Least-Mean-Square algorithm 

The least-mean-square algorithm is a gradient decent algorithm for finding the 
minimum of the performance surface. Its objective function is defined as the mean-
square error, see Equation (26). The LMS algorithm will have the same gradient 
vector as we derived in the previous section, see Equation (30). 

Unfortunately it is possible to make exact measurements of the gradient vector at 
each time step [4]. The LMS algorithm is based on estimations of the covariance 
matrix  and the cross-correlation vector . These estimations are given in 
Equation (32) and Equation (33) respectively. 

(32) 

[ ] (33) 

Inserting the estimates given in Equation (32) and Equation (33) in Equation (30) 
yields the following gradient vector, see Equation (34). 

[ ] + 2 (34) 

By inserting Equation (34) into Equation (31) we yield Equation (35). We have 
merged the 2 into the converging factor  in Equation (35). 

[ + 1] [ ] [ [ ] ] [ ] [ ] (35) 

We summarize the algorithm we used in the simulations below. 
 

[0] [0] [ 0] 
 

0 
 

[ ] [ ] [ ] [ ] 
 

[ + 1] [ ] + 2 [ ] [ ] 
  



 
In Work  

 21 (56) 

 
Date Issue Document ID 

2013-08-19  Thesis work 
Issued by Classification Company Confidentiality 

Daniel Salminen NOT CLASSIFIED 
Classification Export Control Classification Defence Secrecy 

NOT EXPORT CONTROLLED NOT CLASSIFIED 
 

IN 5000358-159  Issue 5  
 

 

5.2.3 Recursive-Least-Square algorithm 

The recursive-least-square (RLS) algorithm is another algorithm used to find the 
optimal filter coefficients. In contrast to the LMS algorithm, the RLS algorithm 
uses information from all past input samples and not only from the current tap-
input samples. RLS algorithms are known to have a faster convergence rate than 
the LMS algorithms and it also works well in non-stationary environments [5]. 
Unfortunately these benefits causes increased computational complexity and also 
have some stability problems, which are not as critical in the LMS algorithm. 

Its complex objective function that it tries to minimize is a weighted linear least 
square function, see Equation (36). Notice that to decrease the influence of input 
samples from the far past, a weighing factor  is introduced in the objective 
function. This is exponential weighting factor is also called forgetting factor. It 
should be chosen in the range 1. In the special case then = 1, the RLS 
algorithm has infinity memory. 

[ ] | [ ]| | [ ] [ ] [ ]| (36) 

 
 
Equation (36) can be rewritten as, see Equation (37). 
 

[ ] = [ ] [ ] [ ] [ ] [ ] [ ] (37)  

 
By differentiating the complex objective function with respect to the complex 
coefficient vector [ ] we yield Equation (38) [5]. 
 

[ ]
[ ] [ ] [ ] [ ] [ ] (38) 

 
The optimal vector [ ] that minimizes the complex objective function is 
computed by equating Equation (38) to zero. This leads to the following 
expression, see Equation (39). 
 

[ ] [ ] [ ] [ ] [ ] (39) 
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 is the inverse of the deterministic correlation matrix of the input signal, see 
Equation 41.  is an estimate of the cross-correlation vector between the input 
signal and the desired signal using an exponentially weighed average, see Equation 
42. 

[ ] [ ] [ ] (41) 

 

[ ] [ ] [ ] (42) 

 
Since an inverse requires a lot of computational operations we use the matrix 
inversion lemma to rewrite Equation (41), see Equation (43). 
 

[ ] [ ]
1

[ 1]
[ 1] [ ] [ )] [ 1]

[ )] [ 1] [ )] (43) 

 
 
 
The complex RLS algorithm that we use is given below [5]. 
 

[ 1]  
 

[ 1] [ 1] [ … 0]  
 

0 
 

[ ]
1

[ 1]
[ 1] [ ] [ )] [ 1]

[ )] [ 1] [ )]  

 
[ ] [ 1] [ ] [ )] 

 
[ ] [ ] [ ] 

 

 is an arbitrary constant, which can be chosen as the inverse of the input power 
estimate. 
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6 Method 

In this thesis work the objective is to reduce thermal noise in received radar signals 
to be able to detect the weak radar signals. The technique of estimating signals 
corrupted by noise using adaptive filtering is called adaptive noise cancellation. It 
advantages lies in that none or just a little prior information about the signals are 
needed. One method that could achieve this is called adaptive line enhancement 
(ALE). We want to obtain fast convergence rate, low computational complexity 
and high SNR gain. 

6.1 Adaptive line enhancement 

Adaptive line enhancement (ALE) is an adaptive noise canceller that is designed to 
suppress broadband noise while passing narrowband signals with little distortion 
[6]. It is often used for detection and tracking periodic components in broadband 
noise [6]. This design should suits good for radar signals since they are often 
consists of just a fixed frequency. But there are some exceptions like pulses with a 
varying frequency in time. 

The set up for adaptive line enhancement can be seen in Figure 9. Here [ ] is the 
received signal that consists of the radar signal of interest [ ] and the broadband 
thermal noise [ ]. In ALE, the received signal [ ] is used to construct both the 
desired signal [ ] and the input signal for the adaptive filter. The desired signal 

[ ] is defined as the input signal [ ] and the input signal for the adaptive filter is 
a delayed version of the input signal [ ] 

 

x[n] = s[n]+ n[n]

y[n]

e[n]

delay  

Adaptive 
algorithm

Adaptive filter

d[n]

 

Figure 9. Adaptive line enhancement set up. 
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The delay  has to be chosen such way that the broadband noise in both the desired 
signal and the delayed signal becomes uncorrelated but still have the radar signal of 
interest correlated. The delay causes de-correlation of the broadband noise 
components [ ] and a simple phase shift between the periodic radar signals of 
interest [ ]. Thus the broadband noise can be suppressed by the adaptive filter. 
The adaptive filter attempts to minimize the objective function, the error signal in 
some way, and this result in that the adaptive filter tries to adjust its filter 
parameters to allow the correlated periodic components to pass and reject the 
broadband noise. The output signal [ ] of the adaptive filter will thus attempt to 
create the radar signal of interest. The output signal [ ] will be the signal of 
interest in our studies. 
 
The error signal [ ] will consist of the broadband noise [ ] as the output signal 

[ ] from the adaptive filter goes towards the signal of interest [ ], see 
Equation (39). 
 

[ ] [ ] [ ] [ ] [ ] [ ] [ ] (39) 
 

In this thesis work we will investigate two adaptive filter algorithms, LMS and 
RLS. 
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7 Performance measurements for adaptive filters 

There are a few ways to measure the performance of an adaptive filter. In this 
thesis work we will focus on the SNR, also SNR gain, and the convergence time 
but also look on the computational complexity. We define the measurements tools 
in the sub sections below. 
 

7.1 SNR gain 

Signal-to-noise-ratio (SNR) is a measurement that compares the power level of a 
desired signal to the power level of the background noise. SNR is defined in 
Equation (17). In some cases it is convenient to express the SNR in decibel dB, see 
Equation (18). 
 
We are going to use the SNR as a measurement of how good the adaptive filter can 
suppress noise. We introduce SNR gain, that is defined as the SNR of the signal 
after the adaptive filter divided by the SNR of the signal before the adaptive filter, 
see Equation (44). The SNR gain in decibel dB is given in Equation (45). 
 

(44) 

 
(45) 

 
To approximate the SNR we perform a fast Fourier transform (FFT) on the whole 
input signal and the whole output signal. We use 4096 frequency bins in the FFT. 
The output signal will however have an excessive amount of noise in the beginning 
of the time sequence, before the adaptive filter has had time to converge. This 
excessive noise will be smeared into all frequency bins in the FFT output. The 
noise level in the output signal will thus be slightly increased and the SNR will thus 
depend slightly on the convergence time. We are only interested in convergence 
times that are less than about 200 ns and in these cases we can neglect the effect of 
the initially high noise level before the filter have adapted. This can be done since 
the convergence time is small compared to the complete output signal time. 
 
To obtain the SNR we need to estimate both the signal power and the noise power. 
This is done in the following way for our pulsed wave forms. 
 

 To approximate the signal power of a fixed frequency pulse, we find the 
maximum magnitude value of the FFT outputs and take the square of it. 
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 For a chirped pulse we approximate the signal power by calculating the 
mean value of the maximum value of the FFT bins that are inside the 
chirped pulse bandwidth. The mean value is then squared to obtain the 
power estimate. 

 
 For binary phase coded pulses we approximate the signal power by finding 

the maximum value of the magnitudes of the FFT output and then look if 
any neighbor FFT bins are within 70% of the maximum value. Then we 
take the average of these samples and take the square of the result to obtain 
the power estimate. 

 
The noise power is always constant for all signal wave forms. It is estimated by 
taking the average of the magnitude in some frequency bins from the FFT which 
consists of only noise. The average is then squared to obtain the noise power. 
 
 For fixed frequency pulses we can get rid of the dependence of the convergence 
time when calculating the SNR. We can get rid of the initial samples with high 
noise level where the adaptive filter has not yet converged. We simply take the FFT 
on the last 512 samples of the input signal and the output signal where the adaptive 
filter has converged, i.e. reached its optimal filter coefficients and produces an 
optimal output signal. This is possible since we have a fixed frequency signal 
which not changes during time. For a chirp signal and a binary phase coded signal 
this is not possible, since the frequency/phase varies during the pulse. In the chirp 
the filter always has to track the changing frequency. We cannot discard the initial 
part of the pulse because then we discard the initial frequencies of the pulse. 
 
We estimated the SNR in different ways depending on what kind of pulse we look 
at. This makes it hard to compare SNR and SNR gains between different pulse 
phases. But we can compare SNR and SNR gains between the both algorithms for a 
specific pulse shape. 
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7.2 Convergence time 

The convergence time is defined as the time it takes for the adaptive filter to adapt 
itself, so that it will pass the pulse frequencies and attenuate the noise at the other 
frequencies. The adaptive filter has converged when the average mean square error 
has become constant, see Figure 10. In Figure 10 we can see that the filter has 
converged somewhere between 2.5  and 3.0 .

 
Figure 10. The average mean-square-error depending on time for a sinusoid pulse with 
fixed frequency. 
 

The convergence time is calculated from the mean square error vector. This vector 
consists of the mean square error from each time step during the simulation. To get 
a more accurate mean square error we run 50 independent simulations and take an 
average of the mean square error. This result in a smoother curve of how the 
average mean square error depends on time, see Figure 10. The convergence time 
is calculated from the average mean square error. 

We may assume that the filter has converged at the end of the simulation. The 
average mean square error should then be almost constant in the end. We take the 
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average of the last 200 samples of the average mean square vector. The value we 
obtain we call the convergence time limit. The convergence time is defined as the 
time then average mean square error falls below the convergence time limit. 

In some cases it might happened that the adaptive filter have not converged during 
the simulation time. These cases are uninteresting since we demand a much shorter 
convergence time than the simulation time. If the convergence time is greater than 
1  we simply set the convergence time 1  to obtain a better resolution in the 
plots. 

We calculate the convergence time the following way. We start at the point L+1 (L 
is the filter length) in the average mean square error and then takes the average of 
the start point and the following 19 points. If the average we obtain is lower than 
the convergence time limit we find the time that represent the following sample. 
This time is the convergence time. If the average is higher than the convergence 
time limit, we move forward one sample and repeat the same test again. This 
process continues until we reach a point with an average over 20 points that is 
lower than the convergence time limit. If we never get a 20 samples average which 
is less than the convergence time limit we set the convergence time to 3 . But 
when the convergence time is higher than 1  it is set 1  in the end anyway. 
This is done to obtain a better resolution in our plots and we are not interested in 
convergences times higher than 1 . 

 

7.3 Computational complexity 

Computational complexity is important for adaptive filter applications that have to 
work in real time. This is the case for an RWR. A highly complex algorithm will 
require much more hardware than a simple algorithm. 

A useful property of the LMS algorithm is that it is computational simple. Thus it 
is investigated here. For general complex-valued signals, the LMS algorithm 
requires + 2 real multiplications and  real additions per iteration, where L is 
the filter length [7]. 

The RLS algorithm computational cost is higher than the LMS algorithm. This 
RLS algorithm requires  real multiplications and 16  real additions and 1 real 
division [7]. 
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8 Simulations 

This section presents the results of the simulations to investigate the performance 
of the adaptive filters. We have started to investigate pulses and later we apply the 
adaptive filters for radar signals, i.e. pulse trains. The simulated radar signals are 
used to analyzing the performance of adaptive algorithms to get an idea och which 
results can be expected from real radar signals. The results are studied and analyzed 
as well. 

8.1 Signal data 

The pulses/radar signals that have been used in the simulations have been created 
in Matlab.  They are based on the mathematical models given in the theory section. 
All signals are generated with sampling frequency = 1280 . The simulation 
time equals the signal length. 

First we will analyze continuous wave pulse to understand the behavior of the ALE 
with a LMS algorithm and RLS algorithm respectively. We will analyze fixed 
frequency, chirp and Barker 7 coded pulses. Then we will get on to the more 
realistic case when the pulses appear in pulse trains. However to provide the reader 
an idea of how simulated radar signals may look like, we give some examples of 
different radar signals in time domain and frequency domain. 

The radar signals can be entirely described by the pulse shape, the pulse width and 
the pulse-repetition-interval and the signal-to-noise ratio. 

The SNR, in the simulated signals, is defined as the signal to noise ratio during a 
single pulse. It is used to determine the power for the adaptive white Gaussian 
noise that is added to the radar signal of interest though the super position 
principle. 

In the following subsections about simulated radar signals we have chosen a high 
SNR, i.e. low noise power with respect to the signal power. This is done to high 
light the aspect of how different radar signals look like. Later when we apply the 
adaptive filters we will reduce the SNR so the radar signal will be buried in noise 
and not visible in time domain for a human eye. It is the radar signal with a low 
SNR we want to be able to detect by using adaptive filters. 
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8.1.1 Radar signals with fix frequency pulses 

A simulated radar signal with fix frequency pulses merged with additive Gaussian 
white noise is shown in Figure 11. The signal parameters are given in Table 1. The 
simulation time, the pulse width and the pulse repetition interval can easily be 
verified in the signal time domain, see Figure 11.  The radar signal frequency can 
be verified from fast Fourier transform (FFT) of the radar signal, see Figure 12. 

Table 1. Signal parameters for a fixed pulsed radar signal. 
Signal parameters Value 
Frequency within the pulse 500 MHz 
Sampling frequency 1280 MHz 
Amplitude 1 
Pulse width 2  
Pulse-repetition-interval 20  
SNR ratio [dB] 20 dB 
Simulation time 50  
 
 
 
 

 
Figure 11. A radar signal with pulses with fix frequency 500 MHz merged the additive 
Gaussian noise. 
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Figure 12. Fast Fourier transform of a radar signal with pulses with fixed frequency 
500 MHz. 
 

8.1.2 Radar signals with chirped pulses 

A simulated radar signal with chirped pulses merged with additive white Gaussian 
noise in the time domain is given in Figure 13. The signal parameters are given in 
Table 2. The simulation time, the pulse width and the pulse-repetition-interval can 
easily be verified from Figure 13. The chirped radar signal frequency span can be 
verified from the frequency domain, see Figure 14. The chirped radar pulse 
bandwidth is defined as the difference between the start frequency and the stop 
frequency of the pulse. In this example the radar pulse bandwidth is 30 MHZ. 
 
Table 2. Signal parameters for a chirped radar signal. 
Signal parameter Value 
Start frequency for the pulse 500 MHz 
Stop frequency for the pulse 530 MHz 
Sampling frequency 1280 MHz 
Amplitude 1 
Pulse width 2  
Pulse-repetition-interval 20  
SNR [dB] 20 dB 
Simulation time 50  
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Figure 13. Radar signal with chirped pulses merged with additive white Gaussian noise. 

 

Figure 14. The fast Fourier transform of the radar signal with chirped pulses. 
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8.1.3 Radar signals with phase coded pulses 

A simulated radar signal with phase coded pulses merged with additive white 
Gaussian noise in time domain is given in Figure 15. The signal parameters are 
given in Table 3. The simulation time, the pulse width and the pulse-repetition-
interval can easily be verified from Figure 16. 

Table 3. Signal parameters for a phase coded pulse. 
Signal parameter Value 
Phase code Barker 7 
Frequency 500 MHz 
Sampling frequency 1280 MHz 
Amplitude 1 
Pulse width 2  
Pulse-repetition-interval 20  
SNR [dB] 10 dB 
Simulation time 50  
 

 
Figure 15. Radar signal with phase coded pulses merged with additive white Gaussian 
noise. 
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Figure 16. The fast Fourier transform of the phase coded radar signal merged with additive 
white Gaussian noise. 

8.2 Noise cancellation method 

Here we will investigate the behaviour of the adaptive line enhancement set up 
using two different adaptive algorithms, the LMS algorithm and the RLS 
algorithm. 

We will start to investigate the filters performance on continuous waves, i.e. a 
single radar pulse. The most focus has been placed on the convergence time and the 
SNR gain we can achieve. We would like to obtain a short convergence time while 
receiving a high SNR gain improvement as possible. 

The short convergence time is required to be able to detect short pulses. It is also 
desirable to obtain accurate values of the pulse width and the pulse-repetition-
interval. A long convergence time might in worst case result in that short pulses are 
not even detected since the adaptive filter does not have time to adjust itself before 
the pulse have passed. 

We want to obtain a convergence time of maximum 100-300 ns. Thus we have 
rounded all convergence time higher than 1  and set them to 1  to obtain a 
better resolution in the plots of the convergence time. A convergence time more 
than 1  is way too high anyway for pulses that have convergence time higher 
than 1 , the SNR gain is to set to 0 dB. 
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In all simulations for both the adaptive filters a delay  of 5 samples between the 
adaptive filter input signal and the desired signal has been chosen. This choice 
guarantees that the noise is uncorrelated and the radar signal still is correlated, 
between the adaptive filter input signal and the desired signal in the ALE set up. 

8.3 Adaptive line enhancement with LMS 

When the adaptive filter, uses an LMS algorithm, performance for different kind of 
radar signals can be regulated by changing the step size , the number of filter 
coefficients and the delay  in samples between the adaptive input signal and the 
desired signal. The delay  is set to be fixed. 

The step size  is a parameter in the LMS algorithm that determines the change of 
the filter coefficients in each time step. It can also be interpreted as the step length 
when moving toward the minimum of the performance surface. 

A small step size results in that the changes of the filter parameters in each time 
step is small and the steps towards the minimum of the performance surface are 
short. Thus the convergence time to reach the minimum of the performance surface 
is high. But when the minimum is reached the steady state mean square error will 
be small since the change of filter parameters are small around the optimal value 
then it has been reached. A large step size results in fast convergence time but the 
steady state mean square error will increase. The selection of the step size  
becomes a tradeoff between the convergence time and the steady state mean square 
error. 

The filter length L is important to obtain SNR gain but will also affect the 
convergence time. The filter length determines the best SNR performance of the 
adaptive filter can achieve. Just a few filter coefficients will result in a filter not 
able to give much SNR gain. On the other hand, a long filter requires more samples 
of the pulse before the adaptive filter will work and converge correctly. 

Below are plots of the SNR gain and the convergence time for different kinds of 
pulses. The SNR gain and the convergence time depend on the filter length L and 
the step size  in these plots. The filter length is going from 2-100. The step size is 
varied between 10  and 4.9 10 . 

The convergence time thus depends on the choice of the step size but also on the 
filter length L. If we choose the filter length in the span 2-100 it will not affect the 
convergence time much. The filter length also affects the computational 
complexity. 

 



 
In Work  

 36 (56) 

 
Date Issue Document ID 

2013-08-19  Thesis work 
Issued by Classification Company Confidentiality 

Daniel Salminen NOT CLASSIFIED 
Classification Export Control Classification Defence Secrecy 

NOT EXPORT CONTROLLED NOT CLASSIFIED 
 

IN 5000358-159  Issue 5  
 

8.3.1 Fixed frequency pulse 

The fixed frequency pulse signal parameters are given in Table 4. The fixed 
frequency pulse consists of a pure complex sinusoid with fixed frequency. The 
frequency is set to 500 MHz which also is a FFT bin in the 512 bin FFT we use. 
This gives no leakage between FFT bins for the fixed frequency pulse, since all 
signal energy ends up in one single FFT bin. 

Table 4. Fix frequency pulse specifications. 
Signal parameter Value 
Frequency 500 MHz 
Sampling Frequency 1280 MHz 
Amplitude 1 
SNR [dB] 10 dB and 3 dB respectively 
Simulation time 3  

The SNR gain for a fixed frequency pulse with an input SNR of 10 dB can be seen 
in Figure 17. The convergence time for the same case can be seen in Figure 18. In 
this case with an initial SNR ratio of 10 dB we first look in Figure 18 to see in 
which region (step size, filter length) we have a convergence time less than 
0.15 . Then we look in Figure 17 in this region, we obtained in previous step, 
and choose step size and filter length for which the SNR gain is the highest. We get 
a maximum SNR gain of approximate 13 dB for a filter length of 80 and a step size 
of 10 . 

In the other fixed frequency case where the initial SNR is 3 dB, the SNR gain and 
convergence time can be seen in Figure 19 and Figure 20 respectively. In this case, 
with a SNR of 3 dB, we can achieve a SNR gain of approximate 14 dB at the same 
time keep the convergence time less than 0.15 . This is achieved by having a 
filter length of 80 and a step size of 10 . 

It is worth mention that a larger step size results in a faster convergence time which 
is consistent with the theory. But a large step size results in a lower SNR gain. 
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Figure 17. SNR gain for a fixed frequency pulse described in Table 4. The input signal has 
a SNR that is 10 dB. 

 
Figure 18. Convergence time for the fixed frequency pulse described in Table 4. The input 
signal has a SNR that is 10 dB. The scalar values 1 to 10 represent the convergence time 
0.1  to 10 . 
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Figure 19. SNR gain for the fixed frequency pulse described in Table 4. The input signal 
has a SNR that is 3 dB. 

 

 
Figure 20. Convergence time for the fixed frequency pulse described in Table 4. The input 
signal has a SNR that is 3 dB. The scalar values 1 to 10 represent the convergence time 
0.1  to 10 . 
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8.3.2 Chirped pulse 

The chirped pulse signal parameters are given in Table 5. In this particular case the 
chirped pulse has a frequency sweep of 30 MHz, from 500 MHz to 530 MHz, 
during 3 . In the chirped pulse case we use a FFT on the whole input signal and 
output signal. This results in a FFT with a length of 4096 instead of 512 that was 
the case for the fixed frequency pulse. 
 
The SNR gain for a chirped pulse with an input signal SNR of 10 dB can be seen in 
Figure 21. The convergence time for the same case can be seen in Figure 22. We 
find a maximum SNR gain with a convergence time less than 0.15  using the 
same method as in the fixed pulse case. The maximum SNR gain is approximate 19 
dB. This is achieved by having a filter length of 40 and a step size of 10 . 
 
In the other chirped pulse case when the initial SNR is 3 dB the SNR gain and 
convergence time can be seen in Figure 23 and Figure 24 respectively. In this case 
we can achieve a SNR gain of approximate 19 dB and at the same time keep the 
convergence time less than 0.15 . This is achieved by having a filter length of 40 
and a step size of 4.5 10 . 
 
Table 5. Chirped pulse specification. 
Signal parameter Value 
Start frequency of the pulse 500 MHz 
Stop frequency of the pulse 530 MHz 
Sampling frequency 1280 MHz 
Amplitude 1 
SNR [dB] 10 dB and 3 dB respectively 
Simulation time 3  
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Figure 21. SNR gain for the chirped pulse described in Table 5. The input signal has a 
SNR that is 10 dB. 

 

Figure 22. Convergence time for the chirped pulse described in Table 5. The input signal 
has a SNR ratio that is 10 dB. The scalar values 1 to 10 represent the convergence time 
0.1  to 10 . 
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Figure 23. SNR gain for the chirped pulse described in Table 5. The input signal has a 
SNR that is 3 dB. 
 

 
Figure 24. Convergence time for the chirped pulse described in Table 5. The input signal 
has a SNR ratio that is 10 dB. The scalar values 1 to 10 represent the convergence time 
0.1  to 10 . 
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8.3.3 Phase code pulses 

The binary phased coded pulse signal parameters are given in Table 6. In this case 
we use an FFT on the whole input signal and output signal in the calculation of the 
SNRs. This results in a FFT with a length of 4096, same FFT length as for the 
chirped pulse case as well. 

The SNR gain for a phased code pulse with an input signal SNR of 10 dB can be 
seen in Figure 25. The convergence time for the same case can be seen in Figure 
26. We find a maximum SNR gain with a convergence time less than 0.15  by 
having a filter length of 65 and a step size of 10 . This gives a SNR gain of 
19 dB. 

In the other phase coded pulse, then the initial SNR is 3 dB the SNR gain and the 
convergence time can be seen in Figure 27 and Figure 28 respectively. In this case 
we can achieve a SNR gain of approximate 20 dB and at the same time keep the 
convergence time less than 0.15 . This is achieved by having a filter length of 50 
and a step size of 10 . 

Table 6. Binary phase coded pulse specification. 
Signal parameter Value 
Phase code Barker 7 
Frequency 500 MHz 
Sampling frequency 1280 MHz 
Amplitude 1 
SNR [dB] 310 dB and 3 dB respectively 
Simulation time 3  
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Figure 25. SNR gain for the Barker 7 pulse described in Table 6. The input signal has a 
SNR that is 10 dB. 

 
Figure 26. Convergence time for the Barker 7 pulse described in Table 6. The input signal 
has a SNR that is 10 dB. The scalar values 1 to 10 represent the convergence time 0.1  
to 10 . 
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Figure 27. SNR gain for the Barker 7 pulse described in Table 6. The input signal has a 
SNR that is 3 dB. 
 

 
Figure 28. Convergence time for the Barker 7 pulse described in Table 6. The input signal 
has a SNR that is 3 dB. The scalar values 1 to 10 represent the convergence time 0.1  to 
10 . 
  

step size 

fil
te

r l
en

gt
h 

L

SNR gain [dB]

 

 

0.5 1 1.5 2 2.5 3 3.5 4 4.5

x 10
-4

10

20

30

40

50

60

70

80

90

100

5

10

15

20

25

step size 

fil
te

r l
en

gt
h 

L

convergence time [10* s]

 

 

0.5 1 1.5 2 2.5 3 3.5 4 4.5

x 10-4

10

20

30

40

50

60

70

80

90

100
1

2

3

4

5

6

7

8

9

10



 
In Work  

 45 (56) 

 
Date Issue Document ID 

2013-08-19  Thesis work 
Issued by Classification Company Confidentiality 

Daniel Salminen NOT CLASSIFIED 
Classification Export Control Classification Defence Secrecy 

NOT EXPORT CONTROLLED NOT CLASSIFIED 
 

IN 5000358-159  Issue 5  
 

 

8.4 Adaptive line enhancement with RLS  

Here we will investigate the behavior of the adaptive line enhancement set up using 
a RLS algorithm. The adaptive filter parameters that can be regulated are the 
forgetting factor  and the number of filter coefficients L and the delay  in 
samples between the adaptive input signal and the desired signal. The delay   is 
set to 5 samples. The forgetting factors we will investigate are given in Table 7. 
The filter length will go from 2 until 100. We may have used smaller forgetting 
factors but they don’t produce any high SNR gains as we would like to achieve. 
 
Table 7. Values for the forgetting factors. 

      
0.97 0.98 0.99 0.999 0.9999 0.99999 

 

8.4.1 Fixed frequency pulse 

Here we use the fixed frequency pulse described in Table 4. We measure the SNR 
gain and the convergence time exactly as we did in the LMS case for fixed 
frequency pulses. 
 
The SNR gain for a fixed frequency pulse with an input SNR of 10 dB can be seen 
in Figure 29. The convergence time for the same case can be seen in Figure 30. 
 
The convergence time of the RLS algorithm is affected by the choice of the 
forgetting factor . A small forgetting factor leads to a faster convergence time 
while decreasing the SNR gain. 
 
We see that the RLS algorithm has some seriously instabilities when the forgetting 
factor goes towards 1.  The mean square error between the filter output signal and 
the desired signal starts to behave strange and it never reaches a stable value. 
Instead it starts to oscillate and even increase with time. Thus we have an instable 
behavior of the adaptive filter. This can be seen in Figure 30 for forgetting factors 
close to 1. 
 
Our algorithm for calculating the convergence time for these unstable cases gives 
very small convergence time although the unstable adaptive filters never have 
converged. We see this clearly (especially for high filter lengths) when we go from 

 = 0.99 to  = 0.999 and the slowly increasing convergence time suddenly starts to 
decrease. 
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Figure 29. SNR gain for the fixed frequency pulse described in Table 4. The input signal 
has a SNR that is 10 dB. 

 

Figure 30. Convergence time for the fixed frequency pulse described in Table 4. The input 
signal has a SNR that is 10 dB. 
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Figure 31. SNR gain for the fixed frequency pulse described in Table 4. The input signal 
has a SNR that is 3 dB. 
 

 

Figure 32. Convergence time for the fixed frequency pulse described in Table 4. The input 
signal has a SNR that is 10 dB. 
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8.5 Time domain simulations 

Here we present some simulations in time domain to give the reader a view of the 
result of using an adaptive filter. We have used pulses with an initial SNR of 3 dB, 
since that is the worst noise case we have investigated in this thesis work. We have 
constructed a pulse train of these pulses. 
 

8.5.1 Fixed frequency pulses 

We have used the fixed frequency pulse defined in Table 4 with a SNR of 3 dB to 
construct a pulse train. In Figure 33 we can see a pure radar signal of fixed 
frequency pulses with a pulse width of 1 µs and pulse-repetition-interval of 10 µs. 
We also see additive white Gaussian noise and the superposition between the pure 
radar signal and the noise. The superposition between them is the approximation of 
a received weak radar signal. 
 
By apply the adaptive filter with the LMS algorithm on the radar signal with noise 
we can see the improvement produced by the adaptive filter. We use the optimal 
values for step size and filter length that we found when we investigated fixed 
frequency pulses. The optimal values were a step size of 10  and a filter 
length of 80. Figure 34 shows the radar signal before and after the adaptive filter. 
Before the adaptive filter the pulses were hard to see but afterwards they are easily 
seen. 
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Figure 33. Shows an ideal radar signal with fixed frequency pulses and additive white 
Gaussian noise and the superposition between them. 
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Figure 34. The radar signal before and after the adaptive filter using a LMS algorithm. 

8.5.2 Chirped pulses 

We have used the chirped pulse defined in Table 5 with a SNR of 3 dB to construct 
a pulse train. In Figure 35 we can see the radar signal with chirped pulses with a 
pulse width of 1 µs and pulse-repetition-interval of 10 µs. We also see additive 
white Gaussian noise and the superposition between the pure radar signal and the 
noise. 

We have filter the radar signal though an adaptive filter using the LMS algorithm. 
The optimal values were to set the step size to 4.5 10  and the filter length to 
40. The radar signal before and after the adaptive filter can be seen in Figure 36. 
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Figure 35. Shows an ideal radar signal with chirped frequency pulses and additive white 
Gaussian noise and the superposition between them. 
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Figure 36. The radar signal before and after the adaptive filter using a LMS algorithm. 

8.5.3 Binary phase coded 

Here we have used a Barker 7 binary phase coded pulse defined in Table 6, with a 
SNR of 3 dB, to construct a pulse train. Figure  37 shows the radar signal with 
binary phase coded pulses, additive white Gaussian noise and the superposition 
between them. The superposition is an approximation of a received radar signal 
disturbed by noise. 

The binary phase coded radar signal disturbed with noise have been filtered using 
the LMS algorithm. The outcome from the adaptive filter can be seen in Figure 38. 
The step size is set to 10  and the filter length to 50. Figure 38 also shows the 
input signal to the adaptive filter, i.e. the superposition between the radar signal 
and the noise. 
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Figure 37. Shows an ideal radar signal with phase coded pulses and additive white 
Gaussian noise and the superposition between them. 
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Figure 38. The radar signal before and after the adaptive filter using a LMS algorithm. 
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9 Discussions and conclusions 

The aim of this study was to evaluate the performance of noise cancellation in 
radar signals using the LMS and RLS algorithm. Three different pulses shapes 
were investigated. They were fixed frequency pulses, chirped pulses and binary 
phase coded pulses. We applied a LMS algorithm and a RLS algorithm on our 
simulated pulses and radar signals. 
 
We concluded that the RLS algorithm is not suitable for radar signal applications 
due to its major stability problems. It also had a high computational complexity 
that is not suitable for real time applications. In the stability regions the RLS 
algorithm also gave low SNR gains. This does not match the theory from books 
and it may be due to error in the implementation. Anyway the RLS algorithm has 
some major stability problems that makes it unsuitable for radar applications where 
the input signal differs a lot. Because of this we did not investigated it any further 
in this thesis work. 
 
With the proper parameters settings the LMS algorithm could achieve a stable SNR 
gain of 14-20 dB and a convergence time less than 0.15  for radar pulses. The 
computational complexity is also quite low for the LMS algorithm which makes it 
possible to implement it in real time applications. Unfortunately the LMS 
algorithm also has some stability problems, although they are not as pronounced as 
for the RLS algorithm. The algorithm should be stable for all possible kind of 
incident radar signals. This is not the case for the LMS which may get unstable for 
e.g. very strong pulses. Therefore the LMS algorithm may not be suitable for a 
RWR application since it is very important to have full performance all the time. 
 

10 Future work 

We have study the time it takes for the adaptive filter to tune in, i.e. the 
convergence time. But we have not studied the time it takes for the adaptive filter 
to tune out. Tune out is when the filter has forgot the previous pulse. 

If we are interest in only one kind of radar pulses with fix frequency, we can let the 
adaptive filter tune in on the first pulse and then when the pulses ends we keep the 
produced transfer function of the adaptive filter fixed. Other pulses, which we are 
not interested in, will pass and then when we anticipate the next pulse of the kind 
we are interested in the filter is already set up to catch the pulse and reduce the 
noise. 
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The LMS algorithm sometimes gets unstable when then incident radar signal 
consists of strong pulses, incident radar signals with high amplitude. This problem 
might be solved by using the normalized LMS algorithm which regulates the step 
size due to the effect of the incident radar signal. 
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